Climate change can significantly influence terrestrial water changes around the world particu-1 larly in places that have been proven to be more vulnerable such as Bangladesh. Its impacts, 2 together with those of excessive human water use, in the past few decades have changed the 3 country's water availability structure. In this study, we use multi-mission remotely sensed mea- sequential technique of the Square Root Analysis (SQRA) filter. We investigate the capability 10 of the data assimilation approach for using a non-regional hydrological model for studying water 11 storage changes. Based on these estimates, we investigate connections between the model de-12 rived sub-surface water storage changes and remotely sensed precipitations, as well as altimetry- 
Introduction
South Asia, and in particular Bangladesh, is amongst the most water vulnerable regions a one-dimensional system (vertical variability). More detailed information on W3RA can be found in van Dijk et al. (2013) . covariance matrix in the data assimilation procedure, differences between the GRACE products 158 do not significantly change to affect the final results. Therefore, we only use ITSG-Grace2014 159 data for which we are sure that the full covariance field is well representative of the GRACE 160 data's error structure. (1998) . Note that the GRACE data provide changes in TWS while W3RA produces absolute 174 TWS. Accordingly, the mean TWS for the study period is taken from W3RA and is added to 175 the GRACE TWS change time series to obtain absolute values and make them comparable (Table 1) .
188
Altimeter ranges should be corrected for atmospheric impacts such as ionospheric, tropo-189 spheric, and electromagnetic effects (Benada, 1997). We apply geophysical correction, including water body, it is locked over a spatially limited part of the water, which can result in an error.
198
The hooking effect results in incorrect range measurements, known as off-nadir measurements Table 1 . 
Surface Storage Data

213
For the objective of data assimilation, considering that many surface water sources (in 214 different forms, e.g., lakes and rivers except few major ones) are not modeled in W3RA, surface 215 water storages should be removed from GRACE TWS data. To this end, we use satellite- 
where 'f' stands for forecast, 'a' for analysis, and N is the ensemble number.X a is the mean 248 analysis state, K represent the Kalman gain, and y is the observation vector. The transition 249 and observation covariance matrices are indicated by H and R, respectively.X f , the forecast 250 ensemble mean, and the model state forecast error covariance (P f ) are derived by,
The model state (X) contains N different vectors of the model state variables. Note that 
where Σ and V are result from singular value decomposition of A f (A f = U ΣV T ). Γ refers
256
to the singular value decomposition and Θ is a random orthogonal matrix (e.g., the right given measurement in the update step to the points located within a certain distance (3 • fol-
277
lowing Khaki et al., 2017b) from the measurement location. We also implement three different 278 cases to deal with surface water storage during data assimilation.
279
• Case 1: Assimilating the GRACE TWS data after removing surface storages into the 280 model states except for the surface water compartment.
281
• Case 2: Adding surface water storage to model surface water compartment and using the 282 GRACE TWS to update the summations of all water compartments.
283
• Case 3: Assimilating the GRACE TWS to update the summations of all water compart-284 ments (including surface water compartment).
285
In Section 4.1, the results of all the case scenarios are compared with each other and evaluated 286 against in-situ groundwater measurements. 
where C xx and C yy are covariance matrices of x and y respectively and the objective in above 315 function is to maximize the correlation P . Once the coefficients are calculated, they can be used 316 to find the projection of x and y onto u and v as canonical variates with maximum correlation. observations by incorporating GRACE TWS into the states.
333
FIGURE 4
To assess whether data assimilation (e.g., in Figure 4) than case 3 in terms of the RMSE (see Figure 5 ).
386
FIGURE 5
The model's water storage variations computed by assimilating GRACE TWS data into 
FIGURE 7
The average time series of soil moisture and groundwater storages from data assimilation 
406
The correlation between the surface water storage and soil moisture time series (after removing 407 seasonal effects) is found to be 0.92 (for a 95% confidence interval), 34% higher than the surface water storages (cf. Section 3.4).
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FIGURE 9
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FIGURE 10
Details on surface and groundwater storage variations and their relationship to precipitation 438 and rivers' level heights are presented in Table 4 . For each grid point in the study area, we 439 calculate water storage variation rates and depletions, and also a correlation coefficient between 440 their time series and both precipitation and river height variations. Note that we use lag-441 correlation (cross correlation) to achieve the maximum correlation between each two time series. 32% depletion in groundwater storage causes a significant decrease in TWS as shown in Figure   445 10. This remarkable water reduction, unlike the rainfall pattern, is highly related to excessive 446 groundwater usages, especially for irrigation. It can be concluded from Table 4 river heights are more reflected in surface storage variations.
450
TABLE 4
To better analyze groundwater storage changes, we apply empirical mode decomposition variations of these two variables, which could be related to the non-climatic effects in the 467 groundwater.
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FIGURE 11
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TABLE 5
The extracted first two IMFs for the groundwater time series are illustrated in Figure 12 .
470
In the both subfigures, a decline in groundwater storages is observed. Such a trend, however,
471
is more significant for IMF 2. We also plot the first and second precipitation's IMFs for 
